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ABSTRACT 15 
Objectives 16 
Most research on health inequalities uses aggregated deprivation scores assigned to the small area 17 
where the patient lives; however, the concordance between aggregate area-level deprivation 18 
measures and personal deprivation experienced by individuals living in the area is poorly 19 
understood. Our objective was to examine the agreement between individual and ecological 20 
deprivation. We tested the concordance between metrics of income, occupation and education at 21 
individual and area levels, and assessed the reliability of area-based deprivation measures to predict 22 
individual deprivation circumstances. 23 
Setting 24 
England and Wales 25 
Participants 26 
A cancer patient cohort of 9,547 individuals extracted from the ONS Longitudinal Study. 27 
Outcomes 28 
We quantified the concordance between measures of income, occupation and education at 29 
individual and area level. In addition, we used ROC curves and the area under the curve (AUC) to 30 
assess the reliability of area-based deprivation measures to predict individual deprivation 31 
circumstances. 32 
Results 33 
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We found low concordance between individual and area-level indicators of deprivation (Cramer’s V 34 
statistics range between 0.07 and 0.20). The most commonly used indicator in health inequalities 35 
research, area-based income deprivation, was a poor predictor of individual income status (AUC 36 
between 0.56 and 0.59), whereas education and occupation were slightly better predictors (AUC 37 
between 0.62 and 0.65). The results were consistent across sexes and across six major cancer types. 38 
Conclusions 39 
Our results indicate that ecological deprivation measures capture only part of the relationship 40 
between deprivation and health outcomes, especially with respect to income measurement. This has 41 
important implications for our understanding of the relationship between deprivation and health, 42 
and, as a consequence, healthcare policy. The results have a wide-reaching impact for the way in 43 
which we measure and monitor inequalities, and in turn, fund and organise current UK healthcare 44 
policy aimed at reducing them. 45 
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Strengths and limitations of this study: 47 
- This study presents a detailed description of concordance between aggregate area-level 48 
deprivation metrics and individual-level deprivation data, enabling an assessment of whether the 49 
widely-used aggregate metrics are actually representative of individual deprivation circumstances or 50 
not 51 
- The study assesses education, occupation and income indicators of deprivation separately, and 52 
quantifies concordance between individual and area-level measures for each, allowing a more 53 
detailed understanding of deprivation than has been possible to date 54 
- The cohort focusses on cancer types known to have significant socio-economic inequalities in terms 55 
of cancer survival, meaning that extension to a broader population (other cancers or the general 56 
population) would be of interest in future work 57 
- The data used is the most recent individual deprivation data available from the UK census, and are 58 
therefore limited to year 2011, but once data is available from the planned 2021 census, the results 59 
could be updated 60 
- A small proportion of individual-level deprivation data was missing and so we completed this 61 
information where possible using another household adult, which could have led to a very small 62 
number of individuals being misclassified 63 
  64 
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INTRODUCTION 65 
There is strong evidence across economically advanced countries that people who live in more socio-66 
economically deprived areas have poorer health outcomes than those living in more advantaged 67 
areas [1-8]. These inequalities can be substantial: for example, in England, they account for around 1 68 
in 10 cancer deaths in the first five years after diagnosis [9-11]. There is little evidence of these 69 
inequalities narrowing, despite efforts to reduce them [5, 12-13]. 70 
Much of the research exploring health inequalities across deprivation groups has been conducted 71 
using data aggregated to small geographic areas. These ecological measures represent aggregated 72 
individual characteristics for the population. Arguably, attributing these measures to individuals 73 
invokes an implicit assumption that area-level measures are at least somewhat representative of an 74 
individual’s personal deprivation. In reality, whilst these studies have improved our understanding of 75 
trends in health outcomes across ecological deprivation groups, they have not directly addressed the 76 
relationship between individual deprivation and mortality because the concordance between 77 
ecological measures of deprivation and individual deprivation status is not well understood. 78 
The relationship between individual measures, ecological measures and health outcomes is 79 
potentially made more complex by the possible existence of contextual effects: that is, that the 80 
relationship between individual deprivation and health outcomes might vary by the patient’s socio-81 
economic context (ecological deprivation). The degree to which this occurs is likely to depend on the 82 
mechanism by which deprivation (either at individual or ecological level) affects outcomes as well as 83 
the type of deprivation examined. For example, within oncology a small number of studies have 84 
examined the relative effects of individual- and ecological-level deprivation on both cancer risk [14-85 
16] and outcomes [17-19]. Generally, these studies have quantified independent effects of both 86 
individual and ecological deprivation, and for both, more deprived areas or individuals have higher 87 
risk and lower survival [14, 17-19]. However, the strength and nature of these trends varies 88 
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considerably across factors including sex, level of geographic aggregation, and which type of 89 
deprivation metric is used [18]. Furthermore, these associations are not well understood in a UK 90 
context, especially in terms of making use of recent data, and an improved understanding will be 91 
important in order to reduce inequalities as part of the NHS long-term plan for 2020-2030 [20]. The 92 
research on health inequalities on which the NHS long-term plan is based uses data aggregated to 93 
small area level, and so improving our understanding of how reliably this matches individual-level 94 
circumstances is important in terms of developing further policies which more specifically target 95 
individual-level variation in health outcomes. 96 
Here, we focus on two key research questions: (1) how strong is the concordance between individual 97 
and ecological socio-economic deprivation measures in a cohort of cancer patients; and (2) how 98 
strong is the concordance between different types of deprivation variables? These questions enable 99 
us to comment on the predictive ability of area-level measures to provide information on individual-100 
level deprivation status in a cancer patient cohort. We discuss the implications of these results in the 101 
context of the existing literature on cancer outcome inequalities. 102 
  103 
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METHODS 104 
We analysed data from the Office for National Statistics Longitudinal Study (LS), individually linked to 105 
cancer registrations for England and Wales recorded by the National Cancer Data Repository. The LS 106 
is a long-term census-based multi-cohort study using four annual birthdates as the selection 107 
criterion. This provides a random 1% sample of the population of England and Wales, clustered by 108 
date of birth [21-22]. Data are available for all census variables from the 1971 census through to the 109 
most recent 2011 census, as well as for variables derived from external, individual linkage, including 110 
cancer registrations and administrative data (births and deaths).  111 
The analysis cohort included LS members present at either or both of the 2001 and 2011 census 112 
(Figure 1). We defined the adult cancer patient sub-population as anyone with a first primary 113 
malignant cancer diagnosis recorded in the national cancer registry between 1 January 2008 and 30 114 
April 2016 for six common cancer types in England and Wales: breast (ICD-10 code C50), colon (C18), 115 
rectum (C19-21), prostate (C61), bladder (C67), and Non-Hodgkin Lymphoma (C82-86). These 116 
cancers were selected for analysis based on evidence of wide socio-economic inequalities in cancer 117 
survival in the UK [5]. A small number (<20) of sex-site inconsistencies, and also a small number 118 
(<30) of men with breast cancer were excluded. Only those aged 18-99 at time of diagnosis were 119 
included. 120 
Both at individual and area level, we focussed on three main variables: occupation, education and 121 
income; which are commonly used to summarise the broad spectrum of socio-economic status in 122 
the social sciences [23]. 123 
Ecological deprivation metrics 124 
The Indices of Multiple Deprivation (IMD) were used to measure area-based deprivation. The IMD 125 
statistics are calculated for each Lower-level Super Output Area (LSOA) in England and Wales and 126 
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consist of seven domains. We used the income, employment (occupation) and education domains. 127 
LSOA codes were recorded directly for individuals in the 2011 census data, whilst in 2001 census, 128 
LSOA codes were derived from concatenating district and ward codes. The temporally closest data 129 
were used for each census: for the 2001 census this was the English IMD2004 [24] and Welsh 2005 130 
report [25], and for the 2011 census this was the English IMD2015 [26] and Welsh 2014 report [27]. 131 
Each domain was included as ventiles (i.e. 20 equal quantile groups) of the national distribution of 132 
areas, as opposed to the raw scores, to avoid LS members being identified in LSOAs with low 133 
population size.  134 
Individual-level deprivation metrics 135 
Individual data on age, sex, qualifications and occupation at the 2011 census were extracted for each 136 
patient, while individual income was derived using a previously published method (see below). 137 
Individual data were not available from the 2011 census for a small proportion of individuals; in part 138 
accounted for by those who were diagnosed with cancer between 2008-2010 and had died prior to 139 
the 2011 census (Figure 1). Where possible, data from the 2001 census was used for these 140 
individuals. For missing data on qualifications or occupation, data was completed where possible by 141 
proxy, using another adult resident in the household (usually household head or spouse). The 142 
rationale for this use of information by proxy is based on evidence that partners tend to have similar 143 
incomes [28], occupations [29] and educational attainment [30]. We tested the sensitivity of the 144 
estimated concordance statistics to this use of proxy data by comparing results with and without 145 
these imputed values, and found very little difference (Table S1). Prior to data completion by proxy, 146 
missingness was 12% for occupation data, 2% for education, and 9% for income. After completion of 147 
missing data by proxy, missingness was 6%, <1%, and 5% respectively for each of occupation, 148 
education, and income individual-level deprivation variables (Figure 1). 149 
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Occupation type was derived from the National Statistics Socio-Economic Classification (NS-SEC). The 150 
three-group version of the NS-SEC was used, which categorised LS member occupations as 1) 151 
technical, routine and manual occupations; 2) intermediate occupations; or 3) higher managerial, 152 
administrative and professional occupations [31]. Unlike the finer-scaled versions of the NS-SEC, the 153 
three-group version classifies occupations into approximately hierarchical groups. As recommended 154 
for the three-group version of the NS-SEC, those without an occupation classification due to long-155 
term unemployment or studentship were treated as missing [31]. We carried out a sensitivity 156 
analysis where these individuals were included in the technical, routine and manual group, which did 157 
not cause any appreciable differences to the concordance estimates. 158 
Education level was categorised as one of six groups based on the standard levels of UK 159 
qualifications used in the census [32]: 1) no qualifications; 2) 1-4 GCSEs or equivalent; 3) 5+ GCSEs or 160 
equivalent; 4) apprenticeships and vocational qualifications; 5) A-levels or equivalent; or 6) degree-161 
level education and higher.  162 
Weekly income (GBP) was estimated per individual following the method described by Clemens and 163 
Dibben [33], which required information on sex, age, and Standard Occupational Classification (SOC) 164 
code. Income is therefore linked to occupation. The SOC codes used, however, capture specific detail 165 
not available within the NS-SEC codes used for the occupation variable, which more broadly 166 
classifies types of occupation. We took a data-driven approach to adjust income estimates for those 167 
aged over 60 who are most likely to be retired, using observed annualised percentage decreases in 168 
income for those aged over 60 reported by the English Longitudinal Study of Ageing (ELSA [34]; see 169 
Tables S2 and S3). After applying this correction, LS members were grouped into quintiles by 170 
estimated income, from least deprived (Q1) to most deprived (Q5). Quintiles were calculated based 171 
on all available LS members (not just cancer patients), separately for each sex.   172 
Patient and public involvement 173 
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Due to data protection, we do not have access to individual identifying data from the ONS-LS and so 174 
it was not possible to directly involve these participants in the analyses and discussion for this study. 175 
Our aim is to share these results with patients and public through publication, in order to address 176 
public health issues surrounding health inequalities. In addition, we included cancer patient 177 
representatives at each stage of the design, implementation and analysis of this study, as part of the 178 
research team. 179 
Data analysis 180 
Males and females were analysed separately, for all cancer types combined and for individual 181 
cancers. We tested the degree of concordance between each pairwise combination of the six 182 
deprivation variables: individual-level income quintile, education and occupation groups; and LSOA-183 
level quintiles for income, education and occupation. Concordance was quantified using Cramer’s V 184 
statistic, a measure of the concordance between pairs of categorical variables derived from a chi-185 
squared statistic, with 95% confidence intervals also approximated from the chi-squared distribution 186 
[35]. The measure has the big advantage of not assuming that categories are ordinal. Cramer’s 187 
V<0.10 are generally interpreted as low concordance and V>0.30 high, although the values depend 188 
in part on the number of categories in the variable with the lowest number of groups (V can be 189 
slightly higher where group numbers are fewer [35]). In most comparisons here, this is the same 190 
(five groups), except for comparisons involving individual-level occupation (three groups). 191 
For each type of deprivation metric (i.e. education, income or occupation) we assessed the extent to 192 
which the area-level value accurately predicted the ‘true’ individual-level value. Individuals were 193 
considered ‘deprived’ if their individual-level value was either no qualifications or 1-4 GCSEs 194 
(education), technical, routine and manual (occupation), or below the 40th centile of income 195 
(quintiles 4 and 5). A binary classification was applied to the corresponding area-level deprivation 196 
variable, which was repeated using each ventile of the area-level variable as the binary threshold. 197 
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For ventile 1 as threshold, individuals in ventiles 2-20 were categorised as deprived; for ventile 2 as 198 
threshold, individuals in ventiles 3-20 were categorised as deprived; and so on. Three aspects of 199 
predictive ability were then measured: (1) accuracy, the total proportion of individuals correctly 200 
classified; (2) sensitivity, the proportion of ‘deprived’ individuals correctly classified by the area-level 201 
measure; and (3) specificity, the proportion of ‘not deprived’ individuals correctly classified by the 202 
area-level measure. Using these measures, we generated ROC curves [36] for each type of 203 
deprivation measure and calculated the area-under-curve (AUC) to summarize the ability of the 204 
area-based measure to predict individual-level deprivation. 205 
All analyses were carried out in R version 3.6.1. Graphs were generated using the package ggplot2 206 
(v3.2.1). 207 
  208 
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RESULTS 209 
The linked dataset consisted of 4,826 male cancer patients and 4,721 female cancer patients with 210 
non-missing individual deprivation data for analysis (Figure 1). The patient cohort tended to include 211 
more individuals from the more deprived groups (Table 1). 212 
Our analyses set out first to investigate concordance between individual and ecological deprivation 213 
measures in cancer patients. We found that concordance between individual- and ecological-level 214 
measures was generally low for both men and women (Figure 2), despite a general trend of the 215 
highest proportion of deprived individuals being found in the most deprived areas (Figure 3). We 216 
also used binary deprived/not deprived individual and area-level categories to assess how well area-217 
level status predicted individual status and found that none of the area-based measures were 218 
strongly reliable predictors of individual-level deprivation status (Figure 4), although occupation 219 
performed better than education or income. For occupation, using ventiles 14 (men) and 16 220 
(women) to predict a binary deprivation status yielded the highest predictive accuracy (Figure 4A). 221 
The ROC curves showed that for each sex the ability to discriminate was higher than the 0.5 222 
expected by chance, with AUC values of 0.65 and 0.62 for men and women, respectively (Figure 4B). 223 
Predictive ability for education was slightly lower, with an AUC 0.62 for both sexes (Figures 4C and 224 
4D). For income, the predictive ability of area-level income was very low with AUC values of 0.59 for 225 
men and 0.56 for women (Figures 4E and 4F), indicating the predictive ability was not much greater 226 
than expected by chance.  227 
A secondary aim of the analyses was to test the concordance between the different types of 228 
deprivation variables included in the study. For both males and females, concordance between 229 
deprivation variables at the individual level was moderately high, whilst high concordance was found 230 
between the different ecological-level deprivation variables at the LSOA level (Figure 2). There is 231 
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some evidence of higher concordance between variables at the individual level for women than for 232 
men. 233 
The patterns observed in the overall cancer patient cohort were also observed for each cancer when 234 
examined separately (Tables S4-S9). There was suggestive evidence of higher concordance between 235 
deprivation variables for bladder cancer patients than for other cancer types, but small sample size 236 
and wide confidence intervals around the estimates make these results hard to interpret. 237 
  238 
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DISCUSSION 239 
The main aim of this study was to assess the concordance between individual and ecological 240 
deprivation measures. Area-level income displayed particularly low concordance with individual-241 
level income status; whereas area-level occupation, and, to a lesser extent education, appear to 242 
have slightly higher concordance with individual-level measures. Additionally, the results showed 243 
that aggregated area-level deprivation metrics are weak predictors of individual-level deprivation 244 
status in the cancer patient cohort analysed here. These results have important and wide-ranging 245 
implications for the interpretation of studies that examine the impact of deprivation on health 246 
outcomes, particularly those that form the basis of policies aimed at addressing inequalities. If 247 
aggregated area-level deprivation metrics do not fully represent socio-economic variation between 248 
individuals, then policies based on these measures risk misunderstanding the relationship between 249 
health and deprivation. 250 
The calculation of the IMD income domain is based on the proportion of individuals in an area 251 
eligible for low-income tax credits or benefits. It is therefore principally an estimator of the 252 
distribution of very low incomes, and provides relatively little information about the distribution of 253 
mid- to high-incomes. On the other hand, the individual-level income estimation method we used 254 
generates a continuous scale of income, the quintiles of which separate individuals with higher 255 
incomes from middle and lower incomes more effectively. An additional consideration is the 256 
calculation of an individual’s income, which is not directly collected as part of census data in the UK 257 
and we therefore had to use an estimation method [33]. While this method is validated on UK data, 258 
it is nonetheless likely to introduce a degree of error, and perhaps especially so for those individuals 259 
managing periods of insecure employment or unemployment, whose occupations will be the least 260 
well-documented in the census. As such, ecological and individual metrics quantify income variation 261 
in different ways and might not be expected to closely match with one another. Income deprivation 262 
carries a major weight in the calculation of the IMD for area-level statistics, but our analyses show 263 
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that it is not straightforward to translate this to individual circumstances. Differentially targeting 264 
healthcare funding towards the poorest communities, based on area-level income metrics, is a 265 
sensible policy with important potential benefits in terms of reducing inequalities, but it is 266 
nonetheless also important to recognise that this could overlook some individuals, and perhaps 267 
especially those with low income but not in the lowest income bracket. 268 
For occupation, the area-level IMD domain is based on the proportion of unemployment in an area. 269 
In our individual-level data, unemployed individuals were treated as missing data [31] and would 270 
therefore have been categorised by proxy (wherever possible) using the occupational category of 271 
another adult in the same household. This approach makes an imperfect assumption that the type of 272 
occupation of an unemployed individual can be approximated by the occupation of another adult in 273 
the same household (usually a spouse or partner). However, the relatively good predictive accuracy 274 
of area- and individual-level occupation variables in our results suggests that there is a fair degree of 275 
geographic clustering of levels of unemployment and occupation types. Interestingly, concordance 276 
between individual and ecological occupation measures was not affected by a sensitivity analysis we 277 
carried out with unemployed individuals included in the analysis as part of the technical, routine and 278 
manual group, which could be explained by levels of unemployment being highest in these types of 279 
jobs [37]. 280 
Our results showed that the ability of area-level education to predict individual status was similar to 281 
occupation, although slightly lower. In the case of education, the area-level IMD domain represents 282 
the proportion of people in an area with no qualifications, which was one of the individual-level 283 
categories we included for education, and this data was directly available from the census. As such, 284 
we might have expected close concordance between the two education variables. Although 285 
concordance is higher than for the respective income metrics, concordance is low overall and the 286 
predictive ability is consistent with the full picture presented by our results that area-level measures 287 
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only capture some of the variation in deprivation, and do not fully represent individual deprivation 288 
status. 289 
Our results suggest that, at least for cancer patients diagnosed in England and Wales, area-level 290 
statistics are not a very good proxy for individual-level deprivation status, indeed for income 291 
deprivation they are only a small improvement upon the toss of a coin. This is somewhat consistent 292 
with a recent study of a French population by Bryere et al [38], although we generally found slightly 293 
lower predictive power for area-level variables to predict individual-level deprivation. A major 294 
difference between the two analyses is that where Bryere et al used data that was a random sample 295 
of the population, we focussed on a cancer patient cohort. In particular, the cohort focussed on 296 
cancer types with wide socio-economic inequalities in survival [5], and survival inequalities were of 297 
interest as survival differences can be readily interpreted in terms of healthcare provision and 298 
performance. However, it may be interesting for further research to validate these results on the 299 
overall population cohort in the ONS-LS. 300 
Data availability has undoubtedly been a limiting factor in the ability of previous research to consider 301 
both area- and individual-level effects of deprivation. Aggregated data is typically more easily 302 
accessible and therefore predominantly features in inequalities research. Our results have 303 
implications for the interpretation of studies that rely solely on area-level measures of deprivation 304 
such as the IMD. These are useful tools for summarising geographic trends, but our results suggest 305 
that caution is needed in terms of extending the interpretation to individual deprivation 306 
circumstances. We are not suggesting that aggregated deprivation statistics should not be used, or 307 
that the use of aggregated data produces unreliable results for the effect of ecological deprivation. 308 
On the contrary, our results show that area- and individual-level health inequalities should be 309 
viewed as independent phenomenon, both of interest, and that their separate effects as well as 310 
their interaction are likely to be important for understanding and reducing socio-economic 311 
differences. For example, further research could address the extent to which inequalities in cancer 312 
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outcomes are related to area-level factors such as the availability of health care services and 313 
resources, in comparison to individual-level factors such as symptom awareness and individual 314 
means to access appointments and treatment. Further, establishing whether or not, for instance, 315 
more deprived cancer patients experience better outcomes when living in an affluent area 316 
compared to living in a more deprived area, due to increased availability of health care services and 317 
resources, is integral to fully understanding these differentials and thus the way in which resources 318 
should be deployed to address them.  319 
Our data suggest, in fact, that where interventions such as cancer symptom awareness campaigns or 320 
screening have been directed at ecologically deprived areas, a significant minority of deprived 321 
patients will have missed out. The policies to reduce health inequalities set out in the NHS long-term 322 
plan [20] are based on research using aggregate measures of deprivation. If the mechanism by which 323 
deprivation affects cancer survival principally functions at an individual level, it follows that such 324 
campaigns may have had limited efficiency. Conversely, if ecological factors are the predominant 325 
driver of inequalities this approach will have had greater traction. The fact that inequalities are not 326 
significantly reducing, even in the context of policy change [13], suggests the latter is, even if only 327 
partially, at work.   328 
In conclusion, we have shown that individual and contextual deprivation are not highly concordant 329 
with each other in a cancer patient cohort, and we argue that this shows the potential for individual 330 
and contextual factors to have independent effects on health inequalities. Further research will be 331 
important to disentangle these factors and enable more targeted policy recommendations, 332 
especially in terms of individual-level deprivation effects, which have not received much research 333 
attention to date. An improved understanding of how individual deprivation affects health outcomes 334 
has potential to inform more effective policies to reduce health inequalities. 335 
  336 
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Table 1. Numbers and percentages of cancer patients included in the analysis, by sex; showing 494 
distribution across deprivation groups at both individual- and LSOA-level and across cancer types. 495 
Data source: ONS LS. 496 
 Men % Women % 
Occupation (individual)     
Managerial/Professional 1769 37% 1430 30% 
Intermediate 1114 23% 1449 31% 
Manual/Technical/Routine 1943 40% 1842 39% 
     
Education (individual)     
Degree-level or higher 1212 25% 1108 23% 
A-levels 333 7% 320 7% 
Apprenticeship/Vocational training 846 19% 327 7% 
5+ GCSEs 372 8% 653 14% 
1-4 GCSEs 334 7% 570 12% 
No qualifications 1729 34% 1743 37% 
     
Income (individual)*     
Least deprived 627 12% 732 16% 
Q2 818 17% 940 20% 
Q3 1134 24% 941 20% 
Q4 1113 23% 1201 25% 
Most deprived 1134 24% 907 19% 
     
Occupation (LSOA)*     
Least deprived 732 15% 760 16% 
Q2 863 18% 899 19% 
Q3 1051 22% 966 21% 
Q4 1048 22% 1005 21% 
Most deprived 1132 23% 1091 23% 
     
Education (LSOA)*     
Least deprived 773 16% 755 16% 
Q2 878 18% 928 20% 
Q3 1014 21% 926 20% 
Q4 1060 22% 1030 22% 
Most deprived 1101 23% 1082 23% 
     
Income (LSOA)*     
Least deprived 710 15% 725 15% 
Q2 820 17% 823 18% 
Q3 989 20% 1018 22% 
Q4 1137 24% 1049 22% 
Most deprived 1170 24% 1106 23% 
     
Cancer type     
Breast (C50) - - 3330 71% 
Colon (C18) 692 14% 608 13% 
Rectal (C19-21) 521 11% 349 7% 
Prostate (C61) 2840 59% - - 
26 
 
Bladder (C67) 395 8% 130 3% 
NHL (C82-86) 378 8% 304 6% 
     
Total 4826  4721  
* Note that quintiles are calculated across the whole population, therefore numbers of cancer 497 
patients in each quintile are not necessary evenly divided. 498 
  499 
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Figures 500 
 501 
Figure 1. Consort diagram describing the dataset linkage and variables used in the analysis, as well as 502 
the flow of LS members through the data processing steps: overall numbers, cancer patient sub-503 
population filtering, and missing data exclusions. Data source: ONS LS. 504 
28 
 
 505 
Figure 2. Cramer’s V ±95% CI for all pairwise combinations of deprivation metrics. Strength of 506 
concordance is indicated by darker shading for men in top half (green; N=4,826), and women in 507 
bottom half (purple; N=4,721). Data source: ONS LS. 508 
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 509 
Figure 3. Stacked barplots showing proportions of men and women in each combination of 510 
categories for (A) individual occupation vs. LSOA occupation quintiles; (B) individual education vs. 511 
LSOA education quintiles; and (C) individual income vs. LSOA income quintiles. Data source: ONS LS. 512 
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 513 
Figure 4. Predictive accuracy of LSOA-level variables to predict deprived/not deprived individual 514 
deprivation status (left); and ROC curves (right) plotted as sensitivity (true positive rate) against 1-515 
specificity (false positive rate). A/B: occupation; C/D: education; and E/F: income. Dashed lines 516 
indicate LSOA ventile value with maximum predictive accuracy when used as the threshold value to 517 
differentiate between deprived/not deprived, where deprived are those above this threshold. AUC 518 
values are shown next to ROC curves. Data source: ONS LS. 519 
